The role played by working conditions in worker health status has been widely acknowledged in the literature in general but has received less attention in economics, due to the inherent statistical biases and lack of data available to determine the role of simultaneous and chronic exposures. This study aims to estimate the causal impact of detrimental working conditions on the self-declaration of chronic diseases in France. Using a rebuilt retrospective lifelong panel and defining indicators for physical and psychosocial strains, I implement a mixed econometric strategy that relies on difference-in-differences and matching methods to take into account for selection biases as well as unobserved heterogeneity. For men and women, I find deleterious effects of both types of working conditions on the declaration of chronic diseases after exposure, with varying patterns of impacts according to the nature and magnitude of the strains. These results provide insights into the debate on legal retirement age postponement and justify not only policies being enacted early in individuals' careers in order to prevent subsequent midcareer health repercussions, but also schemes that are more focused on psychosocial risk factors.
| INTRODUCTION
In a context of changing and increasing work pressures (Askenazy & Caroli, 2010) , the question of working conditions has become even more acute. Notably, a law implemented in 2015 in France fits into this logic and either offers access to training programs in order to change jobs or gives the most exposed workers an opportunity to retire earlier.
The relationship between employment, work and health status has received considerable attention in the scientific community, especially in fields such as epidemiology, sociology, management, psychology, and ergonomics. From a theoretical standpoint in economics, the differences in wages between equally productive individuals can be explained by differences in the difficulty of work-related tasks, meaning workers with poorer working conditions are paid more than others in a perfectly competitive environment (Rosen, 1974) . In this framework, it is possible to imagine that health capital and wealth stock are substitutable, hence workers may use their health in exchange for income (Muurinen & Le Grand, 1985) . From an empirical point of view, the question of working conditions and their potential effects on health status becomes crucial in a general context of legal retirement age postponement being linked to increasing life expectancy and the need to maintain the financial equilibrium of the pension system. Prolonged exposures throughout demands and effort-reward imbalance on workers' well-being. Cottini and Lucifora (2013) use three waves of European data on 15 countries and find that job quality (in particular job demands) affects mental health.
| The role of simultaneous and chronic exposures
Even though the economic literature on the topic of exposure to detrimental working conditions is scarce in regard to both simultaneous exposures (multiple exposures at once) and cumulative exposures (length of exposure to given strains), other fields such as epidemiology have demonstrated their importance in terms of work strains and their impact on health status (Michie & Williams, 2003) . By its very nature, the literature that focuses on Karasek's and Siegrist's models tend to study the results of combined exposures to several, simultaneous work stressors (job strain and iso-strain).
de Jonge et al. (2000) show the independent and cumulative effects of both types of models. On the matter of cumulative exposures, Amick et al. (1998) demonstrate with longitudinal data that chronic exposure to low job control is related to higher mortality in women. The study of Fletcher et al. (2011) uses panel data and analyses the role of cumulative physical and environmental exposures over 5 years (from 1993 to 1997) while controlling for initial health status and health-related selection. This study is likely to be the closest paper in the literature to the present study. They aggregate several physical and environmental working conditions indicators and create composite scores, which they then sum over 5 years. They find clear impacts of these indicators on both men and women, with variations depending on demographic subgroups. I expand on this particular study notably by considering exposures to both physical and psychosocial risk factors as well as by taking into account exposures that occur throughout the whole career (one can easily imagine larger health effects in cases of longer exposures). I also include the possibility of accounting for simultaneous exposures.
| Biases
More often than not, the literature's assessment of the health-related consequences of exposures to working conditions is plagued with several methodological biases that can lead to potentially misleading results. First, the choice of a job is unlikely a random experience (Cottini & Lucifora, 2013) , resulting in contradictory assumptions. In particular, healthier individuals may tend to prefer (self-selection) or to be preferred (discrimination) for more demanding jobs (Barnay, Duguet, Le Clainche, Narcy, & Videau, 2015) . In this case, the estimations are likely to be biased downwards because of both healthier and more exposed individuals to demanding jobs being overrepresented in the sample (inducing a Healthy Worker Effect; Haan & Myck, 2009) . Second, it is also reasonable to assume that workers with lesser health capital may have fewer opportunities in the labour market and thus be restricted to the toughest jobs, in which case an upward bias may result. Therefore, unobserved individual and temporal heterogeneities that are unaccounted for may also result in biased estimations (Lindeboom & Kerkhofs, 2009) . Individual preferences and risk aversion behaviours as well as shocks, crises or other time-related events can cast doubt on the exogeneity hypothesis of working conditions (Bassanini & Caroli, 2015) .
Due to a lack of panel data that includes detailed information on both work and health status over longer periods, few papers have actually succeeded in handling these biases. Notably, Cottini and Lucifora (2013) implemented an instrumental variable strategy on repeated cross-sectional data while relying on variations across countries in terms of workplace health and safety regulation, doing so in order to identify the causal effect of detrimental working conditions on mental health. In most cases, the difficulty in finding accurate and reliable instruments for working conditions leads to the question of selection, and unobserved heterogeneity is either treated differently or avoided altogether when working on cross-sectional data.
| GENERAL FRAMEWORK
The main objective of this study is to assess the role of varying levels of exposure to detrimental working conditions in declaring chronic diseases. To do so, I rely on a difference-in-differences framework which considers a chronic diseases baseline period, that is, the initial number of chronic diseases before all possible exposures to work strains, and a follow-up period after a certain degree of exposure has been sustained (which is called the treatment).
Thus, a total of four chronic disease periods are defined (Figure 1 ). The baseline period consists of the 2 years before labour market entry and represents an indicator for the initial exogenous health capital. Following labour market entry and potential subsequent exposures to work strains, three 2-year chronic disease follow-up periods are reconstructed, representing short-to mid-term post-treatment health conditions.
After labour market entry, employment and working conditions are observed and the treatment may take place. To allow for more homogeneity in terms of exposure and treatment dates, as well as to ensure that exposure periods cannot be very much separated from each other, I observe working conditions within a dedicated period (starting from labour market entry year). In order to be treated, one must reach the treatment threshold within this observation period. The other individuals are considered controls. Minimum durations of work are also introduced: because individuals who do not participate in the labour market are likely to be very specific in terms of labour market and health characteristics, they are at risk of not really being comparable to other workers (Llena-Nozal, Lindeboom, & Portrait, 2004) .
Nine progressive exposure levels (denoted t N ) have been designed in order to assess potentially varying effects of increasing strains on declaring chronic diseases. In order to take into account the cumulative effects between strains, two types of exposure are considered (see first half of Table 1 ): single exposure (when an individual faced only one strain at a time each year) and poly-exposure (if an individual faced two or more strains simultaneously each year). Then, the duration of exposure is accounted for by introducing varying minimum durations of exposure (thresholds). Empirically, this framework covers exposure thresholds ranging from 4 years of single exposure or 2 years of poly-exposure (t 1 ) to, respectively, 20 and 10 years of exposure (t 9 ), with a step of 2 years (resp. 1 year) from a threshold to another for single (resp. poly-) exposures. However, changing the treatment thresholds will, as a consequence, lead to other necessary changes in the framework, notably to the duration of the working conditions observation period and to the minimum duration at work within it (see second half of Table 1 ). More details about the choices made for these parameters can be found in Appendix S1. Note that only thresholds t 5 -t 9 are presented in the rest of the paper (for simplification purposes), because previous thresholds reveal no significant effect on chronic diseases from exposure to detrimental working conditions. Treatment thresholds  Single exposure threshold  4  6  8  10  12  14  16  18  20  Poly-exposure threshold  2  3  4  5  6  7  8  9  10  Periods definition  Working conditions observation period  6  9  12  15  18  21  24  27  30  Minimum duration at work  2  3  4  5  6  7  8  9  10 Note. Indications: in years.
Reading: For the 7th threshold (t 7 ), an individual must reach 16 years of single exposure or 8 years of poly-exposure within the 24 years following labour market entry to be considered treated. Also, he/she must have worked at least 8 years within this period to be retained in the sample. His/her health status will be assessed by the mean number of yearly chronic diseases at baseline (the 2 years before labour market entry), and three more times (follow-up periods) after the end of the working conditions observation period.
Source: Author. 2006) . As far as work strains are concerned, the survey provides information about 10 indicators of exposure. The intensity of exposure to these work strains is also known. Individuals' health statuses are assessed by their declaration of chronic diseases, for which the onset and end dates are available. In this study, I work with this reconstructed longitudinal retrospective dataset comprising more than 6,700 individuals, including their career and health-related data from childhood to the year of the survey. Thus, the final working sample is composed of around 3,500 men and 3,200 women, for whom complete information is available and who meet specific inclusion criteria (see Appendix S1).
| Variables of interest

| Working conditions: Definition of a treatment
Ten individual annual indicators are used to assess the exposure to detrimental work strains and I regroup them into three relevant categories. The first one represents the physical load of work and includes night work, repetitive work, physical load, and exposure to toxic materials. The second one forms the psychosocial risk factors that include full skill usage, working under pressure, tensions with the public, reward, conciliation between work and family life and relationships with colleagues. The third one represents the global exposure to both physical and psychosocial strains (which includes all 10 working conditions indicators). For each indicator, individuals must declare if they "Always," "Often," "Sometimes" or "Never" faced it during this period: I consider one individual to be exposed if he/she "Always" or "Often" declared facing these strains.
| Chronic diseases
The indicator of health status is the annual number of chronic diseases 5 : a chronic disease is understood in the Sip survey to be an illness that lasts or will last for a long time, or an illness that returns regularly. Allergies such as hay fever or the flu are not considered chronic diseases. This definition is broader than the French administrative definition, and it is self-declarative. This indicator is available from childhood to the date of the survey (2006) . Available chronic diseases include cardiovascular diseases, cancers, pulmonary problems, ear, nose, and throat disorders, digestive, mouth and teeth, bones and joints, endocrine, metabolic and ocular problems, nervous and mental illnesses, neurological problems, skin diseases, and addictions. Table 2 below gives a description of the sample used in the 7th threshold described above. I chose this specific threshold because it should give an adequate representation of the average of the studied population (as it is the middle point between presented thresholds t 5 to t 9 and because it should not differ in nontreatment-related characteristics for the most part, due to the samples used for all thresholds being the same).
| General descriptive statistics
The main conclusions of these descriptive statistics are, first, that the populations who are to be physically and globally treated seem to initially be in a better health condition than their respective control groups. Such a difference cannot be found in the psychosocial sample. Second, no significant effect of the physical and global treatments is observed on subsequent numbers of chronic diseases. This is once again the opposite for the psychosocial subsample, which displays growingly significant and negative differences in the number of chronic diseases between treated and control groups, thus revealing a potentially detrimental effect on health status from psychosocial exposures. However, because the structures of the treated and control groups are very heterogeneous in terms of observed characteristics, the differences in chronic diseases for each period between the two are likely to be unreliable. Yet, for at least the physically and globally demanding jobs, there seem to be signs of a sizeable selection effect indicating that healthier individuals prefer or are preferred for these types of occupations.
| EMPIRICAL ANALYSIS
| Econometric strategy
The general framework of the difference-in-differences methodology is given by Equation 1 (Angrist & Pischke, 2009) . The left-hand side of Equation 1 gives the observed performance difference between the treated and control groups. The first right-hand side term is the average treatment effect on the treated (ATT), and the far right-hand side term is the selection bias. The latter equals 0 when the potential performance without treatment (Y 0i ) is the same whatever the group to which one belongs (independence assumption):
In practical terms, the estimation of the difference-in-differences for individual i and times t − 1 (baseline) and t + 1 (follow-up) in this study relies on the fixed-effects, heteroskedasticity-robust WITHIN panel data estimator 6 estimating Equation 2, which explains the mean number of chronic diseases (Y it ):
1 (t + 1) is a dummy variable taking value 1 if the period considered is t + 1; 1 T i ¼1 ð Þ is a dummy variable for the treatment (taking value 1 when individual i is part of the treated group); 1 tþ1 ð Þ ×1 T i ¼1 ð Þ (variable of interest) is a cross variable taking value 1 when individual i is treated in t + 1; C ′ it is a vector of covariates and β 1 , β 2 , β 3 , and β 4 are their respective coefficients. γ i and γ t , respectively, represent the individual and temporal unobserved heterogeneities and ε it the error term. The main objective of a difference-in-differences framework is to get rid of both γ i and γ t , as well as to account for the baseline situation (y i, t − 1 ).
In order to satisfy the independence assumption, that is, to reduce the ex-ante differences between treated and control groups as much as possible and thus to handle the selection bias existing in the sample, I perform a matching method prior to the difference-in-differences setup using pre-treatment characteristics ( X ′ it ) related to health status and employment elements, so that Iacus, King, & Porro, 2010) . The main objective of this methodology is to allow the reduction of both univariate and global imbalances between treated and control groups according to several pretreatment covariates. This offers two main advantages compared to other matching methods: it helps in coping effectively with the curse of dimensionality and 6 It is also possible to estimate such a specification using the ordinary least squares estimator and group-fixed unobserved heterogeneity. The results should be relatively close (Givord, 2008) , which has been tested and is the case in this study. Yet, panel data estimators appear to be the most stable because of the increased precision of the individual fixed effects in comparison to group fixed effects, and thus have been preferred here. 
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.47 reduces the model dependence of the results (Iacus, King, & Porro, 2008) . The end result is a weight variable that is then used in the difference-in-differences specifications. 
| Matching variables and controls
Matching pretreatment variables are chosen so that they are relevant in terms of health status and position in the labour market, in addition to helping cope with the (self-)selection bias (individuals sustaining high levels of exposure are bound to be particularly resilient or, in contrast, particularly deprived from better opportunities in the labour market). Individuals are matched according to their: year of entry into the labour market (in order to get rid of temporal heterogeneity related to generation/conjuncture effects); gender (Devaux, Jusot, Sermet, & Tubeuf, 2008; Shmueli, 2003) ; education level (four levels: no education, primary or secondary, equivalent to bachelor degree, and superior); health status before labour market entry (heavy health problems and handicaps) to have a better assessment of their initial health status and to cope with endogenous sorting in the labour market; and important events during childhood, aggregated into two dummy variables (on the one hand, heavy health problems of relatives, death of a relative, separation from one or more parent; on the other hand, violence suffered from relatives and violence at school or in the neighbourhood), as it is pretty clear that such childhood events may impact early outcomes in terms of health status (Case, Fertig, & Paxson, 2005; Lindeboom, Portrait, & van den Berg, 2002) . Matching the samples on such variables is bound to reduce the initial heterogeneity existing between the treated and control groups, as well as to limit the selection bias into employment and into different degrees of exposure, as part of the individuals' resilience to work strains is accounted for notably by proxy variables for their initial health capital. After reaching the treatment, workers can still be exposed to varying levels of working conditions. This possibility of post-treatment exposures is accounted for by a control variable in the difference-in-differences models (taking the value 0 at baseline and 1, 2 or 3 depending on if the individual has been exposed, respectively, hardly, a little or a lot to detrimental work strains during this post-treatment period).
8 Health habits are also controlled for in the difference-indifferences models by adding a variable indicating if individuals, at any given time, are daily smokers or not. The idea behind this is that health-related behaviours (such as tobacco and alcohol consumption, being overweight and other health habits) are bound to be correlated with each other as well as with exposures to work strains and with the declaration of chronic diseases, all of which induce biased estimates when unaccounted for. This variable takes the value 0 when an individual is not a daily smoker and the value 1 if he/she is in either the baseline or follow-up periods.
| Matched descriptive statistics
The naive results (descriptive statistics presented in Section 4.3 and unmatched difference-in-differences results available upon request) tend to confirm the possibility of a (self-)selection bias in the sample, suggesting that people are likely to choose their job while considering their own initial health status; in any case, the results justify an approach that takes into account this possibility. In order to minimise this selection process, a matching method is used prior to the difference-in-differences models. Table 3 gives a description of the same sample used in t 7 , which was presented earlier (for comparison purposes), after CEM matching. The matching method succeeds in reducing the observed structural heterogeneity between the treated and control groups for every single pretreatment covariate. Residual heterogenety still exists, namely for the year of entry into the labour market and age, but it is shown to be minor and, in any case, statistically non-significant (difference of less than a month in terms of labour market entry year and of approximately a quarter for age). It is also interesting to note that initial health status differences are also greatly reduced and that larger negative follow-up differences between treated and control groups can now be observed, making the hypothesis of a detrimental impact of working conditions on health status more credible. 
| MAIN RESULTS
The results for matched difference-in-differences models for the five thresholds are provided in Tables 4, 5 , and 6 below. These results, relying on matched samples, take care of the selection biases generated by endogenous sorting in the labour market and observed heterogeneity, as well as unobserved individual fixed and time-varying heterogeneities as a result of using difference-in-differences frameworks.
It should be noted that around 90% of the initial sample is preserved after matching in physical and psychosocial samples, and that at least 80% of the sample is preserved for the global treatment (because of the higher number of treated). Matching the samples on pre-treatment variables consistently succeeds in reducing initial health status gaps between treated and control groups, to the point where none of them are still present in the matched results.
It appears that men are clearly more exposed to detrimental working conditions than women, especially for physically demanding jobs [with an average of 20 percentage points (pp) more in men than in women], but also to a lesser extent for psychosocial risk factors ( + 3pp in men). In comparison to women, the gender gap regarding all working conditions (global treatment) is approximately +16pp in men. A clear impact of exposures to work strains on the declaration of chronic diseases can be observed in the difference-in-differences (Columns 5 and 6). Treated workers indeed seem to suffer from a quicker degradation trend in their health status than their respective control groups. This trend exists between levels of exposure (thresholds), but it is also suggested by the evolution of the number of chronic diseases by health status observation period, even though these differences in means are unlikely to be statistically significant. This main result holds for all treatment types and for both genders, and it tends to demonstrate possible long-term effects of exposures rather than only short-term consequences.
In the physical sample, the first significant consequences in terms of health status degradation can be seen in women, starting from t 5 (i.e., after 12 years of single exposure or 6 years of simultaneous exposures), while this is the case much later in men, at t 8 (resp. after at least 18 or 9 years of exposure). Between t 5 and t 9 , the differences between treated and control groups in the mean number of chronic diseases in women increase from .100 to .249, whereas in men the Note. Standard errors in italics. The baseline and follow-up columns show the results for the first differences between the treated and control groups, respectively, before and after the treatment. The diff.-in-diff. column shows the results for the second differences (i.e., the difference between follow-up and baseline differences). The mean chronic diseases column indicates the mean number of chronic diseases of the treated population in the health period considered. The N column gives the sample sizes for, respectively, the treated and total populations. The last column denotes the percentage of the initial sample that found a match for, respectively, the treated and control groups. Note. Standard errors in italics. The baseline and follow-up columns show the results for the first differences between the treated and control groups, respectively, before and after the treatment. The diff.-in-diff. column shows the results for the second differences (i.e., the difference between follow-up and baseline differences). The mean chronic diseases column indicates the mean number of chronic diseases of the treated population in the health period considered. The N column gives the sample sizes for, respectively, the treated and total populations. The last column denotes the percentage of the initial sample that found a match for, respectively, the treated and control groups.
Field: Population aged 42-74 in 2006 and present from t 1 to t 9 . Matched (weighted) sample.
Source: Health and Professional Route survey (Sip), wave 2006.
*Difference significant at the 10% level.
**Difference significant at the 5% level.
***Difference significant at the 1% level. Note. Standard errors in italics. The baseline and follow-up columns show the results for the first differences between the treated and control groups, respectively, before and after the treatment. The diff.-in-diff. column shows the results for the second differences (i.e., the difference between follow-up and baseline differences). The mean chronic diseases column indicates the mean number of chronic diseases of the treated population in the health period considered. The N column gives the sample sizes for, respectively, the treated and total populations. The last column denotes the percentage of the initial sample that found a match for, respectively, the treated and control groups.
***Difference significant at the 1% level.
differences between t 8 and t 9 range from .076 to .120. In order to have an idea of the meaning of these differences, it is possible to compare them to the mean number of chronic diseases in the treated population after the treatment occurred, given in Column 7. In physically exposed women (resp. men), exposures to work strains may account for 20-25% of their mean number of chronic diseases (resp. a little more than 10%). Psychosocial strains have a more homogenous initial impact on the declaration of chronic diseases, with sizeable health status consequences happening at t 6 in men (resp. 14 or 7 years of exposure) and t 7 in women (resp. 16 or 8 years of exposure). The difference in women (resp. in men) goes from .156 in t 7 (.080 in t 6 ) to .233 in t 9 (.143 in t 9 ). Thus, in psychosocially exposed women (resp. men), approximately 21% (resp. 17%) of chronic diseases in the treated population can be explained by psychosocial strains. For the global treatment, effects of exposures start at t 7 in women (resp. t 8 in men) and go from .148 to .209 (resp. .100 -.136 in men). According to the results for this global type of exposure, 20% (resp. 10-15%) of exposed women's (resp. men's) chronic diseases come from combined physical and psychosocial job strains. The effects of the global treatment appear weaker in terms of onset and intensity, which is most likely due to the fact that the exposure thresholds are easier to reach because of the greater number of working condition indicators considered. Nevertheless, even though women are less exposed than men to work strains, it seems that their health status is more impacted by them.
7 | ROBUSTNESS CHECKS
| Common trend assumption
In order to ensure that the results obtained using a difference-in-differences framework are robust, one needs to assess whether the treated and control groups share a common trend in terms of the number of chronic diseases before all possible exposures to detrimental working conditions, that is, before labour market entry. Figures S2, S3 , and S4, respectively, present the chronic disease trends for the treated and control groups in the matched physical, psychosocial and global samples for t 7 . The first panel represents the baseline period and stops at the mean year of labour market entry for this sample. From all three graphs, one can see that both treated and control groups share the same trend in terms of rises in chronic diseases. This is no longer the case after labour market entry. The common trend hypothesis seems to therefore be corroborated. It should be noted that the test results on unmatched samples (available upon request) are rather close, but they are not as convincing.
| Model dependency
I also test whether the results obtained using matched difference-in-differences could be obtained more easily by relying only on a matching method. Yet because CEM is not in itself an estimation method, I set up a simple, heteroskedasticity-robust specification that was estimated using ordinary least squares (OLS) on matched data with the same control variables (Specification 3), followed by a comparison of the results with those obtained through difference-in-differences using specification 2 (Table S8) .
The results for all three samples on t 7 indicate that, in terms of statistical significance, the detrimental impact of exposure to work strains on the number of chronic diseases is confirmed. This is not very surprising, as CEM has the particularity to reduce the model dependence of the results (Iacus et al., 2008 ). Yet, the amplitude of the effect is varying in OLS in comparison to difference-in-differences results. This could be explained by the fact that these simple OLS regressions neither account for initial differences in terms of health status, nor do they take into account individual and temporal unobserved heterogeneities when both these phenomena are going in opposite directions. As a consequence, difference-in-differences results are preferred here because of their increased stability and reliability.
| Single versus simultaneous exposures
I tested the relevance of the differentiation made between single and multiple exposures in the three working condition treatments, that is, the relevance of considering that a certain number of single exposures are equivalent to half that number of poly-exposures (assumption inspired from the French legislation; Sirugue, Huot, & Davy De Virville, 2015) . Table S9 presents several results. The first two columns indicate, for t 7 , the results obtained with a treatment considering 16 years of single exposures or 8 years of poly-exposures (which are the main results presented in this paper). The next two columns indicate the results when considering a treatment accounting only for 16 years of single exposures. The last two columns present the results for a treatment only considering 8 years of poly-exposures.
It should be noted that, logically, single exposures induce a weaker effect on the number of chronic diseases than poly-exposures. All the results still converge towards a positive and statistically significant effect of exposures on the declaration of chronic diseases. In addition, the differences in intensity that can be observed between individuals exposed to 16 years of single exposures and those exposed to 8 years of simultaneous exposures do not appear to be statistically significant.
| Health habits
Even though a part of the role that health habits play in the relationship between working conditions and health (possibly generating endogeneity issues) is accounted for by controlling for the evolutions in tobacco consumption in the difference-in-differences, other behaviours (even if they are likely to be correlated with smoking habits) are not taken into account directly (because they cannot be reconstructed in a temporal fashion using Sip data). Table S10 presents an exploratory analysis, on t 7 , on the wages and risky health-related behaviour differences in 2006 between treated and control groups for all three treatments. In unmatched samples, important differences can be observed in terms of monthly wage, regular physical activities, alcohol, tobacco consumption and being overweight. The treated group on average earns less and does less sport but has more health-related risky behaviours than the control group. In matched samples, no statistically significant difference remains between the two groups in 2006 except for wages. This indicates that the treatment effects presented here should not pick up specific effects of health-related behaviours, except possibly those related to health investments (as the control groups are generally richer than the treated groups).
| Gender gap
Important gender differences appear to exist in terms of effects from a certain degree of exposure to detrimental working conditions. In order to try and explain these differences, an exploratory analysis specifically on year 2006 has been conducted in Appendix S7.
First, men and women may be employed in different activity sectors, the latter being characterised by different types of exposures to working conditions (Table S11 ). As expected, very large differences exist in the gender repartition as well as work strain types encountered within activity sectors. Thus, it is likely that men and women are not exposed to the same types of strains. Table S12 confirms this intuition and indicates that, for at least five out of 10 working conditions indicators, a statistically significant difference exists between men and women in terms of repartition into strains.
As a consequence, the explanation for this gender-gap in working conditions and health is most likely twofold. First, there might be declarative social heterogeneity between men and women. Both may not experience an objectively comparable job situation in the same way, just as they may not experience an objectively comparable health condition in the same way (Devaux et al., 2008; Shmueli, 2003) . However, what could also be true is that men and women may not be exposed to the exact same typology of working conditions within a certain treatment threshold. Even though belonging to a specific treatment group ensures a quantitatively similar exposure (in terms of number of strains at a given time and in terms of lengths of exposures), it does not completely ensure that the types of strains are qualitatively equivalent, which in turn could explain part of the observed differences. Yet, this hypothesis should be partially relaxed by the use of two different treatment types (one handling physical demands and another for psychosocial risk factors).
| DISCUSSION AND CONCLUSION
In this study, I use French retrospective panel data to highlight links that physical and psychosocial working conditions -separately and combined-have with chronic diseases in exposed males and females. Workers facing gradually increasing strains in terms of duration or simultaneity of exposure are more frequently coping with rising numbers of chronic diseases. Using combined difference-in-differences and matching methods, the empirical strategy helps to handle both (self-) selection in the labour market based on health status and other observable characteristics as well as unobserved individual and temporal heterogeneity. Based on a career-long temporal horizon for exposures and health status observation periods, I find major differences in health conditions between treated and control groups, which are very likely the result of past exposures to work strains. To my knowledge, this is the first paper to work on both the simultaneous and cumulative effects of two distinct types of work strains and their combination with such a large temporal horizon, while acknowledging the inherent biases related to working conditions. However, the paper suffers from some limitations. First, working with retrospective panel data and long periods of time leads to estimates being at risk of suffering from declaration biases. The individuals are rather old at the date of the survey, and their own declarations in terms of working and health conditions are therefore likely to be less precise (recall biases) or even biased (a posteriori justification or different conceptions according to different generations). Even if it is impossible to deal completely with such a bias, matching on entry year into the labour market (i.e., their generation) and on education (one of the deciding factors when it comes to memory biases) should help in reducing recall heterogeneity. Also, simple occupational information notably tends to be recalled rather accurately, even over longer periods (Berney & Blane, 1997) . Second, potential biases remain in the estimations. I work on exposures happening during the first half of the professional career (i.e., to relatively young workers), at a time when individuals are more resilient to these strains. This means that the impact found in this study would most likely be higher for an equivalent exposure level if an older population were targeted. I am also unable to completely account for possible positive healthcare investments in the treated population, because if the most exposed are also better paid (hedonic price theory, Rosen, 1974) , this wealth surplus could be used for relatively more health capital investments. Alternatively, the treated and control groups may have different health habits. Yet, even though wealth-type variables are endogenous, this hypothesis has been tested empirically with an alternative specification in the study by Fletcher et al. (2011) and they were found to be irrelevant. Also, health-related risky behaviours are at least partly accounted for by implementing a variable for tobacco consumption in the difference-in-differences models. Third, because of the method I use and the sample sizes I am working with, it is not possible to clearly analyse the potential heterogeneity in the effect of working conditions on health status across demographic and socioeconomic subgroups, even though this mean effect is shown to vary (Fletcher et al., 2011; Muurinen & Le Grand, 1985) . Fourth, part of the selection process into a certain level of exposure possibly remains. Considering that the sample is matched with elements of human and health capitals and because I consider only homogenous individuals present in the survey for at least 38 years (who worked at least 10 years and for whom the post-treatment exposures are controlled for), I should have rather similar individuals in terms of resilience to detrimental working conditions, that is, with similar initial abilities to sustain a certain level of severity of exposure. So, to some extent at least, the selection into a certain level of treatment is acknowledged. Yet, it is impossible to directly match the samples on the fact that they reach a certain level of treatment or not (because it is endogenous). It should also be noted that part of the heterogeneity of the results between men and women can still be explained by declarative social heterogeneity regarding their working and health conditions as well as qualitative differences in their exposures, both elements which cannot really be accounted for using such declarative data. Finally, I use a wide definition of chronic conditions as an indicator for health status. This indicator does not allow for direct comparisons with the literature (commonly used indicators, such as self-assessed health status or activity limitations, are not available on a yearly basis). Yet, I believe that it may represent a good proxy of general health status while at the same time being less subject to volatility in declarations compared to self-assessed health (i.e., more consistent).
These results justify more preventive measures being enacted early in individuals' careers, as it appears that major health degradations (represented by the onset of chronic conditions) tend to follow exposures that occur as early as the first half of the career. These preventive measures may first focus on workers in physically demanding jobs while also targeting workers facing psychosocial risk factors, the latter still being uncommon in public policies. These targeted schemes may benefit both society in general (through higher levels of general well-being at work and reduced healthcare expenditures later in life) and firms (more productive workers and less sick leaves). It notably appears that postponing the legal age of retirement must be backed up by such preventive measures in order to avoid detrimental adverse health effects linked to workers being exposed longer while also taking into account both types of working conditions (which is not the case in the 2015 French pension law). Today, the human and financial costs of exposures to detrimental working conditions seem undervalued in comparison to the expected implementation cost of these preventive measures.
